We explore a multiple view, or overview and detail, method for visualising a high-dimensional portfolio holdings data set with attributes that change over time. The method employs techniques from multidimensional scaling and graph visualisation to find a two-dimensional mapping for high-dimensional data. In both the overview and detail views, time is mapped to the third dimension providing a two and a half-dimensional view of changes in the data. We demonstrate the utility of the paradigm with a prototype system for visualisation of movements within a large set of UK fund managers' stock portfolios.
Introduction
Performance evaluation using portfolio holdings data aims to improve understanding of the sources of returns attributable to stock selection and portfolio management. While aggregate fund returns are publicly reported to investors and market analysts, this seldom includes performance attribution from individual stock selection decisions. These can only be determined using portfolio holdings data at high frequency. Therefore, information about fund ownership is an important component in the analysis of investment manager skill, and a visualisation which helps to distill this information will be a useful tool for the analyst or investor.
However, performance analysis represents only one example of why visualisation of fund manager holdings is important. Pension fund trustees have fiduciary responsibilities to fund members. Where pension fund mandates (or investment contracts) are delegated to fund managers, an understanding of how the portfolio is configured (including the cross holdings of stocks across managers and how the fund is exposed to individual stocks at an aggregate level) is an important component of portfolio design. While quantitative techniques can be applied as a means of describing the risk attributes of the individual portfolios accessed by pension funds, visualisation techniques which show portfolio configuration properties represent an interesting tool for evaluation. They also offer new opportunities in the communication of technical aspects of portfolio management to investors who are not familiar and/or sophisticated in understanding quantitative portfolio analysis. For more information about performance analytics, see. [1] [2] [3] The work we present here is an ambitious attempt to visualise very highdimensional data. We explore a visualisation of the changing ownership interests of thousands of fund managers that aims to provide analysts with a totally new way of seeing their data. Furthermore, even though the technique was conceived for visualising such portfolio data, it will have application in any field where the changing attributes of a large set of high-dimensional data needs to be studied. The rest of this paper is structured as follows. In the next section we begin with some background on visualisation techniques for capital markets data. Subsequently we introduce the philosophy behind our two and a half-dimensional (2 1 2 D) overview and detail visualisation strategy. Next, we examine the overview visualisation with some background on multidimensional scaling and the principal component analysis (PCA) method used. In the subsequent section on displaying temporal changes by extending into 3D, a novel system for visualising the results of the PCA dimension reduction is introduced. Then we discuss the graph-based detail visualisation and give a formal definition of the graph used. The section thereafter describes the layout algorithm employed to find an embedding of the graph for visualization, following which, we walk through a scenario demonstrating the use of the system in exploring a real data set and discuss feedback we have received from showing the tool to fund manager research analysts. Finally, we conclude and discuss some directions for future study.
Background
Methods for visualising financial and capital market data tend to be unambitious. In practice, the most ambitious visualisations that finance practitioners use are timeseries charts, that is, simple plots of price, volume and other attributes against time.
We begin with a brief survey of notable visualisations for capital market data from information visualisation researchers. We particularly focus on methods utilising three-dimensional (3D) display technology, which was part of the focus of our own study. A relatively early example is from Varshney and Kaufman, 4 who presented a tool for exploring financial data such as stock and option prices in a visual spreadsheet-type format. The only 3D visualisation included in their tool was a 3D histogram demonstrated with stock bid and ask prices.
In studying ways to extend visualisations of foreign currency exchange options into three dimensions, Gresh et al, 5 showed how these multidimensional entities could be displayed as surfaces in 3D space. Although cutting edge in business graphics, such techniques have been used in engineering and scientific visualisation for many years.
Tegarden 6 gives a fairly comprehensive overview of applications of state of the art visualisation techniques to business data. Included is a fairly dense representation of stock price and volume data using a 'floor and walls' metaphor involving 3D histograms displayed on the floor of a virtual room with additional 2D charts mapped onto the walls of the room. Again, though visually quite arresting, the techniques used are fairly trivial extensions of common chart types into a 3D space.
One innovative technique that deviates somewhat from the time-series chart type is the SmartMoney market map. 7 Based on Shneiderman's Treemap, 8 the market map divides a 2D area into smaller rectangular regions representing industries. These industry rectangles are divided again into still smaller rectangles representing individual stocks. The area of each region corresponds to the total value of the sector or stock, and colour is used to indicate change over time. A 3D extension extrudes each rectangle into a box where height, above or below the reference plane, indicates change instead of colour. Since they use relative area to represent a percentage, treemaps could be thought of as descendants of pie charts. However, they improve on readability over pie charts and provide a capacity for representing hierarchies, such as the industry/stock hierarchy of this application.
A more abstract metaphor was explored by Nesbitt. 9 The Bid-Ask Landscape used a virtual reality environment involving auralisation to display a dynamically updated representation of the order book for a particular share. The order book was presented as a valley and a river with volumes of bids (buy orders) indicated by the height of the left bank and asks (sell orders) represented similarly by the right bank. The position of the river indicated the price at which an actual trade occurred. Experiments testing the effectiveness of the visualisation in helping users to predict price changes gave very positive results.
One of the methods examined in detail in this paper is graph visualisation. The term 'graph' is intended here, and in the sequel, in the mathematical sense of a network of connected concepts as distinct from the charts and histograms described above. Some recent methods for visualising financial data have also utilised graph visualisation techniques to visualise the relationships between abstract concepts. The most common examples have tried to capture stock price correlation based on various similarity metrics by introducing extra geometric parameters. For example, Brodbeck et al 10 use such metrics to create a large graph which is then arranged in the plane using a force-directed placement algorithm. [11] [12] [13] [14] In this way, more highly correlated commodities are positioned geometrically more closely together such that clustering is clearly visible. Gross et al 15 use a similar technique to compare economic data using 3D layout.
Overview and detail portfolio visualisation
The data set inspiring this research is UK stock market registry data, where the changing portfolio holdings of all registered fund managers are held at a granularity of approximately 1 month. The data contains in the order of 3000 portfolios composed of a selection of over 2000 different stocks from 54 different market sectors. To obtain a useful picture of the movements within this data set, at least 12 months' worth of this data must be available. Obviously, presenting such a large body of data to an analyst in a visual form is going to challenge their 'perceptual bandwidth'. The approach we present decomposes this visual challenge into two sub-problems, providing us with a basis for an 'overview-and-detail' 16 visualisation design:
to visualise the changing holdings of all fund manager portfolios in our data set in order to obtain a broad picture of the entire market; to obtain a detailed view of changes in the holdings of just one, or a small number, of fund managers' portfolios.
The important theme in both of these visualisation tasks is visualising changes occurring through time. In the overview we would like to see who are the market leaders and followers. When visualising a small number of portfolios we would like to study the way fund managers prioritise their holdings to achieve a particular goal such as tracking or outperforming an index. Given the high dimensionality of the data it would be attractive to utilise all of the three spatial dimensions available in modern computer graphics as effectively as possible, but the temporal dimension in our data is clearly worthy of special treatment. Ware 17 warns us to design 3D systems with a 2 1 2 D attitude:
A 2 1 2 D design attitude which uses 3D depth selectively and pays special attention to 2D layout would seem to provide the best match with the limited 3D capabilities of the human visual system. (p. 261)Both the overview and detail visualisation solutions we present therefore share a common 2 1 2 D aspect, in that the third dimension is used to represent our discrete time intervals and the other two dimensions are used to represent more complex dimensional scaling or graph layout. The work we present here expands on ideas originally presented in conference papers. The detailed view was introduced in 18 and the overview discussed in. 19 In this extended paper we expand greatly on both ideas. Particularly, the overview has been refined based on feedback from expert users as discussed in the following section and the section on Results.
Overview visualisation using multidimensional scaling
Our data set consists of several thousand equity holdings, each of which contains a selection of stocks from different companies belonging to different market sectors in the UK. A portfolio, or set of holdings in an individual fund, can be thought of as having a weighting in each of the available stocks in the market. If there are 2000 different companies in the market universe, one can think of these portfolios as being points in a 2000dimensional space. Alternatively, the weightings can be aggregated by market sector into a space of lower dimensionality. For example, Figure 1 is a chart showing the weighting of a portfolio across 50 market sectors at a particular point in time. Obviously, to make an intelligible visualisation this high-dimensional space must be reduced to two or three dimensions. This is the domain of multidimensional scaling, 20 the chief aim of which is to find a lower-dimensional representation for a highdimensional data set. This representation should preserve, as much as possible, the relative Euclidean distances between the data points. Typically, this is achieved by minimising a stress function for the entire data set. That is, given n data points in an m-dimensional information space, multidimensional scaling seeks to find a mapping from the set of proximities between all pairs of data points p ij , 1oiojpn, to a set of points X in a 2D or 3D visualisable space.
Stress can then be defined as the sum of squared errors between distances in a possible X and the ideal mapping
Usually, an iterative approach, such as steepest descent, is used to find X such that s is minimised. Obviously, for n data points such a method is going to require at least O(n 2 ) operations per iteration to consider the distances between each pair of points. In the data set considered in this paper there are in the order of 3,000 portfolios with a data point for each of at least 12 monthly samples. Therefore, the multidimensional-scaling approach needs to be able to scale up to approximately 36,000 data points. It should also have a processing time that will allow for interactive zooming. For such a large data set, where the dimensionality of the data is significantly lower than the number of data points, it is more practical to use a classical multidimensional-scaling method based on PCA. 21 In PCA, the complexity is based on the dimensionality of the data rather than the number of points. PCA aims to find the axes of greatest variance (principal components) through our m-dimensional data. The data can then be projected onto the plane defined by two such axes to obtain a 2D representation which captures this variance. Of course, this does not guarantee to minimise s but hopefully an adequate visualisation will be obtained in reasonable time. Koren and Carmel 22 explore PCA-based multidimensional scaling for visualising highdimensional data.
The approach used to find the principal components is fairly standard. There are m possible stocks or market sectors, l different portfolios, k different temporal samples for each portfolio and therefore n ¼ k l data points. The first step is to place all of this data in an m Â n-matrix A such that the columns are the dimensions and the rows are the weightings across market sectors where S i ¼ 1 m A ij ¼ 1 for all j, see Figure 2 . The next step is to find the covariance matrix C of our data. This is carried out by transposing the data so that the barycentre of the points is at the origin:
and multiplying the resulting matrix B by its transpose to find C
Next, an eigendecomposition is obtained such that C ¼ QLQ' where Q contains the eigenvectors q * 1;...m and L is a diagonal matrix of the corresponding eigenvalues. The two eigenvectors with the largest eigenvalues, q * 1 and q * 2 , are then the principal components. Finally, we can perform the projection to find x and y coordinates of the n data points in two dimensions
Displaying temporal changes by extruding into 3D
Our novel visualisation of the 2D PCA projection described above involves extruding the data into 3D such that time is now represented by the third dimension. The result is a mass of 'worms' crawling through time. Visualisations in which the third dimension is used in a significantly different way to the other two dimensions are commonly called 2 1 2 D and we will use this terminology in the sequel.
Each of the data points comes from one of the k samples, usually taken at regular intervals in time. Each of the n data points above is now assigned a z coordinate such that z ¼ c(iÀk/2) where 1pipk) and c is a constant scale factor. To draw the worms, each pair of adjacent points for a particular portfolio is connected with a line segment.
It is worth noting that in any type of multidimensional scaling, the position of data points in the reduced dimensional space relative to the axes is meaningless. The important thing is that clusters and outliers are clearly visible. In the 'worm' visualisation an analyst can see how various portfolios move in and out of clusters or towards or away from the market index as time progresses. This also allows colour and thickness of the lines to be used to display additional attributes as they change over time. Figure 3 shows the essential elements of our overview visualisation when applied to a small set of dummy data. The data set contains three sets of holdings, including weightings for the market index, spread across three market sectors and captured at six points in time. That is, m ¼ 3, l ¼ 3 and k ¼ 6. Each of the three coloured cones corresponds to a market sector or dimension in the portfolio space. The cones are placed at the position where a portfolio, fully weighted in the corresponding sector i, would be placed. That is, the x and y coordinates for the cone for sector i are exactly the ith elements of q * 1 and q * 2 , respectively. For example, one of the two portfolios is fully weighted in Sector 3 in the last time sample (note, that time increases from bottom to top as shown). Thus, its highest point lies directly above the cone. The height of the cones corresponds to the percentage of the total holdings placed in that market sector.
The distances marked in Figure 3 correspond to: (a) the difference in weighting between a portfolio and a portfolio fully weighted in a particular market sector; (b) the difference between a portfolio and the market index; and (c) the difference between two portfolios.
Two other important attributes are captured in this figure. Cross-sectional area of the worms corresponds to total value of the portfolio and colour is used to emphasise change in this value. Grey is the default colour and indicates no change in value from the previous time period, but hue can shift towards green to show increase in value or red to show decrease.
A cross-sectional view of the scene, corresponding to one time period, is captured by the small window in the foreground. This corresponds to the cross-section at the level of the transparent blue 'water-level', which may be repositioned or resized with the controls in the window.
Projection relative to index data
In studying fund manager performance it is important for an analyst to be able to determine the extent to which the performance and holdings of fund managers deviate from the underlying market portfolio or index. The market index defines the universe of stocks and industry sectors from which investors select securities and manage their portfolios, and these index weights are determined largely as a function of the market capitalisation (or size) of a company listed on an Exchange. The finance literature applied to portfolio management strongly emphasises the importance of the market portfolio in portfolio selection, and studies have identified how critical tracking error is in portfolio risk management, including Roll. 23 Given that portfolio construction and performance measurement relies on the use of an observable market index, the use of visualisation techniques in identifying differences from the market portfolio represents an important tool in portfolio evaluation.
An extra step allows us to recast the projection such that portfolio worms are positioned relative to the index. Market index data is just like a portfolio in that it has weightings across market sectors or stocks that change over time. For our UK market data we obtained FTSE 350 index data across all market sectors for the same period and placed this data in a m Â k matrix F. By subtracting F from the m Â k sub-matrix of A for each of the l portfolios before calculating the eigenvectors we obtain the projection shown in Figure 4 . Note, that the hypothetical portfolios, fully weighted in various market sectors, now also move relative to the index and, thus, are no longer shown as cones but as bendy worms. Conversely, the market index is now a straight column centred between the sectors.
User navigation
An essential part of any 3D (or 2 1 2 D) visualisation is providing the user with the ability to freely rotate, zoom-in or otherwise 'fly' around the 3D model. When viewing a static projection of a 3D visualisation, the user has no sense of depth and the extra dimension is wasted. In our system this capability is provided in a fairly standard way with mouse interaction.
However, PCA gives us the ability to navigate around the data set in fundamentally different ways. By default we use the two eigenvectors associated with the two largest eigenvalues to define the projection plane. This, by definition, captures the greatest variance in the data. For example, Figure 5 gives a histogram, or scree diagram, 24 of the eigenvalues for the components or eigenvectors of the trivial synthetic data matrix used in Figure 4 . However, one can just as easily use any pair of eigenvectors. Allowing the user to choose components directly from the scree diagram, thus changing the eigenvectors used to determine the projection plane, provides a high-dimensional rotation which may capture different aspects of variation in the data.
A zoomed view is also easily obtained by producing another PCA projection of a subset of the visible data. In Figure 12 , the user is in the process of performing such a zooming operation. In the cross-section viewer, shown in the lower-left foreground, the analyst has selected a subset of portfolios by sweeping out a rectangular area with the mouse. They can then select a subset of the available time samples by moving the water level up or down, thus creating the transparent box that can be seen in the main 2 1 2 D view. The selected subset of the data will Figure 4 The data set from Figure 3 , shown with all portfolios placed relative to the market index. The distances marked correspond to those in the previous figure. then be re-projected as before and the zoomed view shown in a new window. The zoomed window is shown in Figure 13 . Allowing the user to box a region of the 2 1 2 D structure for zooming is a logical extension of the PCA based rotation and zooming strategy given in 25 for interacting with a 2D display.
The synthetic data set we have used in these examples is trivially small: three dimensions Â two portfolios and an index Â six time samples. In the Results section, we demonstrate the utility of the worm view with a much larger example compiled from actual holding data.
Detailed graph visualization-based view
The 'worm' visualisation described earlier, provides us with an overview of our data set. In order to capture broad movements across as much data as possible the PCA-based dimensional scaling is a necessary, though severe, abstraction of the underlying detail. To visualise the detailed behaviour of an individual fund manager as they re-balance their portfolios, a different approach is required.
Assume an analyst selects an individual worm from the overview for closer inspection. Effectively, they have isolated a set of data for a single portfolio over a number of time periods. In our data set this includes share price data and the count of shares of a particular type held in the equity portfolio. That is, we have two matrices in which the columns are associated with market sectors (or any other aggregation of stocks, or individual stocks) and the rows are associated with each of the sample times (the examples shown here have 12 monthly samples). In the first matrix P we have share price data. When an aggregation of shares is used this will be the average unit price across the aggregate. The second matrix Q contains the counts of shares held in the portfolio.
These matrices could be visualised by simple 3D area charts. For example, Figure 6 (a) shows the share price data P, in this case the average share price for each of n ¼ 50 market sectors for a year's worth of data. Figure 6(b) shows the counts of shares held in a particular fund manager's portfolio across the same time period. Figure  6 (c) charts the total value of the portfolio across the time period, where the value x at each month j is
The relatively flat curve in Figure 6 (c) shows that by reweighting the portfolio the fund manager has managed to, more or less, even out the volatility in the share prices. In visualisations like that of Figure 6 (a) and (b) we can see a lot of activity taking place. However, one must ask whether it is possible to produce a visualisation which focuses an analyst's attention more specifically on the fund manager's movement between market sectors.
In, 18 we proposed a graph visualization-based approach for visualising the movements of fund managers between different stocks or market sectors (in the sequel we refer only to sectors). The graph for fund manager movement is defined as G ¼ (V, E) consisting of a set V of vertices representing sectors and a set E of edges where each edge e(u,v)AE represents 'movement' of one or more fund managers from sector uAV to sector vAV.
For the matrix Q of share counts in each sector we can construct a graph in which a vertex represents each nonzero column. Beginning with the second row, we compare the values in each column against that column's value in the previous row. For each column (sector) showing a decreased holding, we construct an edge to all the columns with an increased holding. To allow the user to focus on more significant movements they can adjust a threshold (t e ) in increase or decrease of stock price below which no edge is created. We continue comparing each pair of rows to create layers of edges (i.e. a set of edges for each time period) until all rows have been examined.
To visualise this graph so that it is easy to see at what time different movements occurred, it is possible to use a 2 1 2 D paradigm similar to that followed for the worm view. That is, the graph drawing is extruded into the third dimension, see Figures 7 and 8 . The vertices become pillars or columns parallel to the new third axis and the edges are placed perpendicular to the axis at a level dependent on the time (matrix row) at which the movement they represent occurred. In Figure 8 , a crosssection viewer, similar to that used in the worm view, is shown. It displays the cross-section highlighted by the transparent blue plane in the 2 1 2 D window. The total value of a market sector at each point in time (i.e., P ij Q ij ) can be shown by setting the radius of the column vertex representing that market sector. Clutter in the graph may be reduced by only including vertices for which the maximum value is greater than a threshold t v . In other words, it is only necessary to include market sectors that make up a significant proportion of the portfolio. By default this is automatically calculated in our system to show the 10 largest sectors, but the user can increase or decrease this number. The changing average share price information from P can be shown by colouring each segment of the column. As in the worm view, the columns' hue is greener if there is an increase in average share price from one period to the next and redder if there is a decrease. The default colour, light grey, indicates there is no change. In the extruded 2 1 2 D view the edges can be shown as tubes or pipes between the columns. The total value of a given movement is shown by adjusting the radius of the edges. That is, for an edge showing a change in holding from time samples k and k þ 1 between vertices representing columns i and j in P and Q the radius of the edge is set to:
Stratified graph layout
We refer to graphs in which edges appear in layers corresponding to a particular time period as 'Stratified' graphs, borrowing the geological term used to describe rock consisting of layers of sediment. We use this term to avoid confusion with the conventional usage of the term 'layered graph drawing' associated with the Sugiyama Figure 7 Side view of the stratified graph, clearly showing the strata. algorithm. 26 Visualisations of stratified graphs have appeared in the literature from time-to-time, but the question of how to arrange them is yet to be thoroughly examined. Koike 27 was possibly the earliest, using a stratified graph to show the flow of control in parallel software execution. However, the author left placement of the columns representing vertices to the user. Brandes et al, 28 chose to represent social group interactions as stratified graphs using the well-known force-directed method simulating physical attractive and repulsive forces in an iterative algorithm that attempts to balance the opposing forces, typically creating an aesthetically pleasing arrangement. In, 18 we used a similar forcedirected method but allowed the columns to bend in order to further reduce the forces. We showed that this last variation was useful in highlighting clusters in the graph. A stratified portfolio graph arranged using the force-directed approach (without bendy columns) is shown in Figure 9 .
In this paper, another well-known layout method is introduced to the problem of stratified graph layout: the Sugiyama (or Layered Graph Layout) Algorithm. 26 The chief advantage of the Sugiyama algorithm over the other layout methods described is that it clearly shows flow in directed graphs. This is because the first stage of the algorithm creates a layering of the nodes such that net sources (nodes with mostly outgoing edges) are usually placed closer to the top and net sinks (nodes with mostly incoming edges) are placed nearer the bottom. The final arrangement thus ensures that most of the edges are downward pointing and net flow can be said to be from top to bottom.
This graph theoretic concept of flow is useful when considering layout of our portfolio movement graphs in that it roughly corresponds to the flow of money between different stocks. That is, source nodes represent stocks that are mostly being sold and sink nodes represent stocks that are more commonly being bought.
To generate the layout shown we use an implementation of the Sugiyama algorithm based on the Dot program that comes with AT&T's Graphviz package (http://www.graphviz.org). We have modified this algorithm to handle separate edge sets for each of the strata such that the layout is optimised for stratified graphs. More detail of the modification is provided in our description of a metabolic pathway visualisation based on stratified graph visualization. 29 The 2 1 2 D column view system is based on the Wilma-Scope graph visualisation engine, which is freely available, open sourced and downloadable from http:// www.wilmascope.org. WilmaScope was created in Java and Java3D by the author as a portable, flexible system for visualising graphs in three dimensions.
Results
We now give an extended example showing all aspects of the system in use on 12 months worth of UK stock market holdings data. Presented with a large data set of unknown quality, we can begin by placing as much of the data as possible into the worm visualisation system to get an overview of the contents. We begin by filtering obviously errant data, for example, holders for whom data is not available in every month, and holdings data for stocks not in the FTSE-350 market index. We are then left with 542 portfolios with weightings spread across 45 market sectors. A screen-shot of the worm overview for this data is shown in Figure 10 . The PCA projection has been performed relative to the index, as described in the section on Projection relative to index data and therefore the index is a partially obscured, straight blue column in the centre, marked by a large inverted cone. Some additional user interface features are shown in this figure that were not described previously. These include a list of sectors down the left-hand side of the screen, where the coloured bands indicate the mapping to the sector markers in the 3D window and the widths of these bands Figure 9 Column view arranged using force-directed layout.
indicate the total capitalisation of the sectors within the holdings data shown. Similar displays are also available from the tabs in the top left corner, that give a break down of the total value by portfolio (fund manager) or month. Another feature is a custom zoom control, the slider across the bottom of the screen, which allows the user to magnify the two projected dimensions independently from the third, time dimension.
Already, we can begin to learn about the data. Some initial observations include:
Clustering The majority of the portfolios, especially the high-valued portfolios represented by relatively fat worms, are clustered in a tight bunch around the index. This makes sense since most fund managers, particularly those managing high-valued funds, should be attempting to either track the index's performance (index funds) or else maintain weights within a specific range from this benchmark (active funds).
Variance Most of the variance seems to be captured by the first component which is projected horizontally in both the cross-section view and the main 3D window. This observation is born out by the scree diagram shown in Figure 11 , clearly the first component captures twice as much variance as the second.
Sector variance The placement of the sector markers also gives us feedback about the spread of the variance. Most of the sector markers lie along the principal component indicating some correlation among those sectors. However, there are several distinctly outlying sectors. In the bottom right corner, that is, closest to the camera, the top of the marker corresponding to the 'Electronic and Electrical Equipment' sector can be seen. Closer inspection, involving flying around the scene a little, reveals four more sectors lying distinctly away from the main axis of variance, these are 'aerospace and defence', 'beverages', 'steel and other metals' and 'health'. Feed- back from experts has confirmed that these are volatile sectors for the UK market, whose blue-chip stocks are mostly in the financial services area.
Outliers On the fringes of the view, the outliers tend to show some extremely chaotic behaviour. The small diameter of these worms indicates that they are relatively low-valued portfolios. Closer inspection of these outlying portfolios reveals that they are generally weighted in only one or two sectors. This may be indicative of a specialised type of portfolio or possibly incompleteness in our data.
Volatility The unique aspect of this 2 1 2 D visualisation is that it captures variance of the high-dimensional data across time. One example of the types of patterns this lets us see is another problem with the thinner, lower-valued funds. Specifically, compared to the fatter, higher-valued funds they are much more chaotic. Again, explanations could be that the smaller funds are more specialised in particular industries, or that our data for these funds is incomplete.
A good place to begin to probe deeper might be the cluster of larger funds. In Figure 12 , the user has swept Figure 11 Screen diagram showing the variance across components for the worm visualisation in Figure 10 . out a region in the slice view and then selected, extruded that region out over the whole 12 month period producing the transparent pink box identifying the zooming range. The zoomed view showing only the 184 portfolios that do not stray outside of this region is shown in Figure 13 . Again there are some interesting things to note in the worm visualisation of the 184 portfolios we isolated in the zooming operation.
Better distribution of variance across sectors In this scene there seems to be a better spread in all directions of the sector indicators in Figure 13 compared to Figure 10 . This makes sense since one would expect the group of larger funds selected to be more evenly weighted across all major sectors.
Movement relative to index In the close up, magnified, view shown in Figure 14 we can see that many portfolios seem to move together at particular points in time. This may indicate significant movement in the market that is difficult for the fund managers to track or significant economic events triggering bullish or bearish behaviour.
In Figure 14 , one portfolio literally stands out from the crowd. The '(Name withheld) Asset Mgmt' portfolio is a fairly fat portfolio that stands a little in the foreground compared to the main cluster of portfolios that lie closer to the axis of greatest variance. This portfolio has been selected by the user for closer inspection (the user simply selects the portfolio with the mouse pointer and an inverted cone appears, marking the top of the portfolio).
In the section on Detailed graph visualization-based view we considered two ways to visualise the detailed movement within a single portfolio: with more conventional charting techniques, or with the 2 1 2 D graph-based column view. Our system allows the user to generate both styles of visualisation. Figure 15 shows area charts generated by our system for both the '(Name-withheld) Figure 13 The result of zooming the region selected in Figure 12 .
Asset Mgmt' portfolio and the FTSE350 index. These chart views include a degree of interaction. For example, the user can directly select a particular sector curve and the total value at which this sector intersects the (moveable) transparent blue plane will be displayed above the figure. In Figure 15 , the user is examining the value of the 'Venture and Development Capital' sector in November 2001 in both the index and the '(Name-withheld) Asset Mgmt' portfolio. From these charts the user can deduce that the reason that the '(Name-withheld) Asset Mgmt' portfolio was separated from the main cluster around the index in the worm overview, is that the fund dramatically increases its holding in the 'Venture and Development Capital' and 'General Retailers' sectors over the 12-month period in question.
The alternative column view proposed in the section in Detailed graph visualization-based view for the '(Namewithheld) Asset Mgmt' portfolio is shown in Figure 16 . The total value by sector information that was the subject of the area chart from Figure 15 (a) is still visible in the widths of the columns, for example the two larger sectors noted before still stand out as being fatter columns. However, the additional movement information indicated by the arrows gives us some richer feedback. For example:
Periods of greater movement Turning the columns side on, as in Figure 16 (b) allows us to isolate three periods of significant movement, one in the early months, and two in the last months.
Net sources and sinks In general the Sugiyama layout style will place net sources of edges closer to the top and net sinks nearer the bottom. This is true in this graph too, however, it is interesting to note that, as can be more easily seen in Figure 17 , the banking sector is a significant source of movement in the 9th month.
Relationship between stock price volatility and movement In Figure 17 , especially, it is evident that most of the movement seems to be concentrated around the most volatile stocks. That is, most of the edges are associated with brightly coloured column segments. This sort of behaviour seems consistent with the way one would expect fund managers to behave in managing a portfolio, but the fact it is evident from the visualisation is a reassuring confirmation that the visualisation reflects reality.
User feedback
In order to evaluate and improve our implementation of the ideas described in this paper we have shown the system to a number of domain experts, both from industry and finance researchers expert in fund manager performance analysis. We met with these domain experts individually and had them explore the data using the tool, gathering their feedback in the process. The example walk-through above is typical of the type of explorations of the data set that were performed with the experts assistance. Above we have listed a number of examples of useful observations the experts were able to make using the tool. Below, we note some of the feedback which led us to improve the tool or which will require further investigation in future.
Clarifying dimensional scaling The domain experts, perhaps because of their familiarity with traditional charts and plots, had particular trouble understanding the concept of multidimensional scaling. They almost always asked questions such as, 'What do the x and y axes mean?'. It required the domain experts to make a certain 'leap of faith' to accept that points that are close together in the projected view correspond to similarly weighted portfolios. Placing the coloured sector markers in the projected view helped crystallise this meaning for the users. Also, projecting relative to the market index helped them make the 'leap of faith', perhaps this was because the straight column representing the market index gave them an understandable reference point in the unfamiliar space.
Performance relative to market index This factor, as described in the section on projection relative to index data was key for the domain experts, and became a central design concern.
Performance based on returns One comment that was almost universal among interview subjects was that an analyst needs to be able to visualise a portfolio based on returns as well as in absolute terms. That is, currently in the worm view the worms are coloured based on increase or decrease in portfolio value. Instead, they could be coloured black if they have matched the performance of the index, green if they have increased in value more than the index or red otherwise. Although this is a fairly simple change, the lesson is that the interface needs to provide a lot of flexibility in how data were mapped to visual attributes.
Flow vs clustering
In the detailed column view most interview subjects preferred the Sugiyama style layout to the force-directed style although they could see merit to allowing the user to choose the layout style based on whether they are looking for flow or clustering in the graph. 
Conclusion and suggestions for future research
We have demonstrated two 2 1 2 D visualisations for fund manager movement data that may be coupled to provide a holistic, overview and detail system. The first visualisation, the PCA worm view, compresses a great deal of information about the entire data set into a single scene and takes advantage of the speed and flexibility of PCA to allow a user to quickly focus on smaller regions of detail. The second visualisation paradigm, the graph-based column view, brings together the most important information from all three charts shown in Figure 1 , 6(a) and (b) into a single visualisation and draws an analysts attention to the features in which they are most interested. Particularly, it allows an analyst to directly see the correlation (if any) between stock price and a fund manager's behaviour in re-weighting the portfolio. In this paper, a broad overview and definition of these two paradigms has been provided. Also, a concrete prototype has been developed and evaluated with domain experts and we have described some enhancements already made to this system based on this feedback.
Finally, since the paradigms proposed in this paper should be applicable to any high dimensional, multivariate data set, we hope in future to test their utility in other domains. Pty Ltd, Index data supplied by FTSE. Thanks to the performance analytics researchers who gave feedback on our system: Simone Brands, Asha Nadarajah, Peter Gardner, Teddy Oetomo, Adrian Looi and Juliana Hakim. Also thanks to Peter Eades, Christine Wu and Michael Till who advised and assisted in implementing the prototype visualisation system.
